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SUMMARY:  This study compares two techniques that have been developed for rainfall and streamflow estimation
with the aim of identifying strengths and weaknesses of each. The first technique utilises thin plate smoothing splines to
develop rainfall surfaces for the catchment, which are then, in conjunction with daily point-wise rainfall data used to
determine areal catchment estimates. The second technique develops a regression-based model relating elevation to total
annual rainfall in order to scale rainfall for daily mean catchment rainfall estimates. Both approaches are compared in
common catchments in the upper Murrumbidgee catchment. The comparison includes using the data from each of the
approaches as input to a rainfall-runoff model and by comparison of the quality of modelled results to observed
streamflow. The strengths, weaknesses and use for catchment managers in decision making are identified. The study
results revealed that where rain station spatial density and data quality are high, both regression and the spline method
perform equally as well in estimating long term rainfall trends. In conclusion, catchment managers could apply the
simple regression technique over the sophisticated spline method to achieve the comparable results. This is particularly
useful where an efficient yet simple method is required for assessing streamflow within similar catchments.
THE MAIN POINTS OF THIS PAPER
• Regression and thin plate smoothing splines perform equally at estimating areal catchment rainfall as well for high
rain gauged densities and data sets of high quality.
• Accurate catchment rainfall estimates are important for use with a hydrological model, particularly with regard to
investigating streamflow on ungauged catchments.  Both techniques predicted similar streamflow time series.
• Where high rainfall spatial variation occurs throughout the catchment, a better estimate is more likely using
splines.
1. INTRODUCTION
Streamflow volume is a key information set for the
study and management of stream health. Information on
streamflow volume is predominantly sourced from
continuous measurement of streamflow at fixed
locations. Records from these sites represent the unique
response of that catchment to the set combination of
climate and physical characteristics at the time of
measurement. The catchment and climate specific
nature of this data together with a general decline in
number of sites of continuous measurement (Smith,
1998) has led to increasing use of rainfall runoff
models to supplement this information.
Rainfall-runoff models have the capacity to extend
runoff records commensurate with the length of the
rainfall record. These models allow much greater
capacity to investigate hydrologic scenarios for
example the hydrologic impacts of land management
change and the implications of climate change and the
resultant impact on stream health.
It has been shown by (Hansen, 1996) that the dominant
factors that influence the quality of streamflow
estimates from rainfall-runoff models are catchment
areal rainfall estimates, stream gauge rating quality,
catchment response dynamics and the sampling interval
of streamflow. Of the dominant factors that influence
the quality of streamflow estimates only areal rainfall
estimates and stream gauge rating quality can to any
large extent be improved. Historic rainfall data at all
but a few sites is collected at a daily resolution and
catchment response dynamics are fixed. This paper is
concerned with improvement of areal rainfall estimates
as an important means of improving the quality of
rainfall-runoff modelling.
This paper compares two methods, a regression
approach and rainfall surface fitting to estimate
catchment rainfall. A conceptual rainfall runoff model,
IHARCES (Jakeman et.al, 1990; Evans and Jakeman,
1998) is used in the comparison of both approaches.
2. CATCHMENT OVERVIEW
The four test catchments are located in the Upper
Murrumbidgee catchment, NSW. The area has a high
spatial variability of rainfall.  The Cooma-Monaro area
has a low annual average rainfall (550mm) given it’s
high elevation (930m).  In comparison the Canberra-
Yass region, with considerably lower elevation (520m),
has 720mm annual average rainfall. The test
catchments vary in size and location as illustrated by
Figure 1.
Figure 1: Upper Murrumbidgee catchment containing
the four test catchments.
3. METHODS
This section describes the regression technique and
spline modelling techniques used for generating daily
rainfall estimates.
3.1 Thin Plate Smoothing Splines as a Rainfall
Estimator
Thin plate smoothing splines can be applied to rainfall
data to generate a surface of interpolated points. In
conjunction with elevation data and geographical
coordinates, the model developed by Hutchinson
(1995a,b) can be used to select average monthly
rainfall at spatially defined points.
The general functional form of the data model is given
by equation A. The model identifies an estimate of
noise within the data and applies a smoothing function
accordingly to estimate z. There are n data values
specified by a position in euclidean space defined by
y(xi ) and (xi ) where z(xi ) is a function to be estimated
from the observations and ε(xi ) is a discontinuous error
term across the euclidean space (Hutchinson, 1993).
The term z(xi ) is an unknown smoothing function that
is to be estimated while xi defines co-ordinate positions
of the spatial observations.
y(xi ) = z(xi ) + ε(xi ) (i=1,…, n)          (A)
The model form as applied to rainfall estimation is
given by equation B. A full definition of the model can
be found in Hutchinson (1995a). The model assumes
that rainfall is spatially correlated with elevation and
varies according to latitude and longitude coordinates,
where r is the rainfall observation, xi and yi are latitude
and longitude respectively. The term zi is the elevation
at the observation point.
r(xi ,yi ,zi ) = z(xi ,yi ,zi ) + ε (xi ,yi ,zi )         (B)
An advantage of using thin plate smoothing splines
over other interpolation techniques is that the spatial
auto-covariance structure need not be defined prior to
model use. Standard fitting techniques often require
significant time and resources to estimate the structure,
given that variance of data errors change across the rain
station network. Secondly, interpolation techniques are
often limited in application by the difficulty in
obtaining an appropriate smoothing parameter. In this
model, the smoothing parameter is optimised by
minimising the generalised cross validation (GCV),
implicit within the model structure. The GCV is an
estimate of predictive error of the spline surface. It is
calculated by removing each data point and summing
the square of the difference of each point from a
surface fitted by all other data points (Hutchinson and
Gessler 1994). For a full explanation see Hutchinson
(1995b).
Having generated a series of monthly rainfall surfaces
using ANUSPLINA, a method was developed to
produce daily mean catchment rainfall estimates for
each catchment using the monthly surfaces. The
catchment boundary of each sub-catchment was
determined using the DEM.  A programme was
developed to generate a temporal rainfall data set for
each sub-catchment using the rainfall surfaces. The
mean surface value determined at the sub-catchment
level is then used in conjunction with surrounding daily
rainfall information to scale rainfall at the station to an
areal rainfall estimate for the sub-catchment using a
constant weight for each rainfall station.
Each of the twelve rainfall surfaces was successively
overlayed with each of the twelve sub-catchments. The
output was a distributed catchment rainfall estimate
from point data.
3.2 Rainfall Estimation from Regression of Rainfall
and Elevation
Regression methods can be used to correct daily
rainfall with respect to elevation. Annual average
rainfall totals were calculated for all available stations
of the upper Murrumbidgee using an automated
routine. The elevation of each individual rainfall station
was determined from a digital elevation model (DEM)
of the study area using ARC/INFO GIS software. The
average elevation of the catchment was also determined
using similar methods. These data were used to
establish a linear regression relationship between the
elevation of individual rain stations and their respective
annual average rainfall totals. The relationship was of
the form:
P = aZ + b          (C)
where P is precipitation (mm) and Z is elevation (m).
The regression estimates for the catchment were
a=0.909 and b=-60.769 (determined for elevation range
of 500m to 1200m).
The relationship was calculated discretely for the years
1975 – 1980 to include a maximum number of data
points (missing daily rainfall data during any part of the
year excluded that station from the analysis). To
account for variation in annual rainfall equation (C)
was converted to:
1 = (a/P) Z + b/P          (D)
Using this equation and average value of a/P and b/P
across the were determined as an input to the scaling of
daily rainfall. The regression relationship is applied to
the daily rainfall for each selected rainfall gauge,
scaling from the elevation of the gauge to the mean
catchment elevation. Equal weight was given to each
station with valid data for each day to give the
catchment mean rainfall.
4. RESULTS
Daily rainfall estimates were generated for four upper
Murrumbidgee sub-catchments, the Gudgenby River at
Tennent, Numeralla River at Numeralla Dam Site,
Goodgradigbee River at Brindabella and Strike-A-
Light at Jerangle Road. Gauged streamflow and rainfall
records were obtained for each catchment. The number
of stations per catchment varied, with two used for the
Numeralla catchment, four in Goodgradigbee, three in
Strike-A-light and five in Gudgenby. Figure 2
illustrates difference in rainfall estimates for the
Goodradigby catchment.
Figure 2: Daily rainfall estimation comparison using
spline and regression methods for the Goodradigbee
catchment; upper Murrumbidgee.
The Numeralla and Gudgenby catchments provided the
closest estimate of rainfall for the two methods as
indicated by Figure 3 and Figure 4 respectively. Both
catchments contained the smallest number of stations
(two within each catchment) from which each of the
methods was applied.
Figure 3: Daily rainfall estimation comparison using
spline and regression methods for the Numeralla
catchment; upper Murrumbidgee.
Figure 4: Daily rainfall estimation comparison using
spline and regression methods for the Strike-A-Light
catchment; upper Murrumbidgee.
The Goodgradigbee and Strike-A-Light catchments
gave a poorer rainfall estimate showing that the two
methods have larger differences then the other
catchments. A comparison between rainfall estimates
for Gudgenby catchment is indicated by Figure 5.
Both catchments, although containing a larger number
of rain stations, suffered from significant data sparse
periods or holes in the rainfall record. This reduced
the effectiveness of the estimation by both spline and
regression methods. The poor data quality for these
two rain stations resulted in significantly different
estimates as Table 1 and Table 2 indicate.
 
Figure 5: Daily rainfall estimation comparison using
spline and regression methods for the Gudgenby
catchment; upper Murrumbidgee.
Maximum (mm) Mean (mm) Standard
Deviation
(mm)
S R S R S R
Goodra 130.41 170.62 3.54 4.24 9.74 12.32
Numer 136.01 138.05 1.77 1.63 6.05 5.63
Gudge 127.34 137.22 2.65 2.87 7.87 8.54
Strike-
A-Light
135.74 160.81 2.38 2.56 7.39 8.94
 Table 1: Comparative Statistics for both regression
and spline methods. S= Spline, R= Regression.
Total Rainfall (20 year annual average)Catchment
Spline
Estimation (mm)
Regression Estimation
(mm)
Goodradigbee 721 659
Gudgenby 1073 1191
Numeralla 1384 1814
Strike-A-Light 870 938
Table 2: A comparison of total rainfall (mm) using
twenty years of data (1975 to 1995).
Using the conceptual rainfall-runoff model IHACRES
(Jakeman and Hornberger, 1991), calibration of the
streamflow and generated rainfall record was carried
out using both regression and spline derived rainfall
estimates. The rainfall-runoff model version uses a
power law function to obtain a fit for the unit
hydrograph using two parameters (Croke, in prep). The
model uses streamflow, rainfall and temperature as
inputs to the calibration. Daily rainfall from spline and
regression estimates were used in turn to calibrate the
model. The calibration results obtained from both
regression and spline rainfall estimates are illustrated
by Figure 6 and 7 respectively.
Figure 6: Streamflow calibration using rainfall from
regression estimates for the Numeralla catchment.
 
Figure 7: Streamflow calibration using rainfall from
spline estimates for the Numeralla catchment.
The IHACRES model was applied to the Gudgenby
catchment. The variation in the optimal c parameter
(with the a and d parameters fixed) is shown in Table
3. The higher value of the c parameter for the
regression method is due to the higher rainfall estimate
obtained by this method (see Table 2). However, the
model R2 is similar for each method, suggesting that
the time series of flows generated by each method is
similar. The high R2 also indicates a good model fit and
estimation of the distribution of flows by both methods.
Model Parameters Objective
Functions
Method
a c d R2 Bias
Spline 51 113 151 0.8 0
Regression 51 162 151 0.79 0
Table 3: Model parameters identified from calibration
for Gudgenby using spline and regression rainfall
estimates.
5. DISCUSSION
Both methods performed equally well where accurate
long-term daily rainfall data was available. In the
Goodradigbee catchment, the regression method
resulted in a higher long-term annual average than the
spline-based method. This catchment had the poorest
quality data and contained only two rainfall stations.
Two of the four catchments (Gudgenby and Numeralla)
gave similar rainfall estimates regardless of the method
chosen. For the Strike-A-Light catchment, good quality
rainfall data were available at three stations within the
catchment, with a higher estimate of rainfall by the
regression method than the spline method. Calibration
of a rainfall runoff model using daily rainfall estimates
from both methods suggests that the temporal
distribution of rainfall is similar for each method.
However, the larger total volume estimate obtained
from the regression method is indicated by the
variation in the model parameter "c" responsible for
controlling the rate of evapotranspiration to obtain a fit
between streamflow and rainfall.
6. CONCLUSION
The study investigated the application of two point-
wise rainfall estimation methods. These were spline
based and regression based methods. Catchment
average annual rainfall is required to run conceptual
rainfall runoff models, and as such, regression and
splines techniques may be used to derive rainfall
records. The study has shown that where the rain gauge
density is high, there is little difference in applying
either method. In addition, the study found that within
some catchments, the applicability of the methods were
limited by the availability of accurate daily rainfall data
over several years. While for two of the catchments
studies here, the regression method gave a higher
estimate of rainfall, both methods were equally as
efficient in producing the catchment areal rainfall for
the purpose of conceptual model calibration. Testing of
both techniques within a catchment containing high
spatial rainfall variability would do much to test the
robustness of each method. In conclusion, the
estimation of streamflow on ungauged catchments
could proceed by use of spline or regression techniques
in deriving appropriate model parameters.
The study has shown that catchment managers can
achieve this equally by using a simple technique such
as regression analysis over sophisticated mathematical
methods such as the use of thin plate smoothing
splines. However, rain station density and data quality
must be sufficiently high to avoid overestimation of
rainfall using the regression technique. Where data
quality is poor, the spline methods are likely to provide
a better estimate in being able to consider the spatial
variability of rainfall over relatively sparse data areas.
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